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Steady-State Movement Related Potentials for
Brain Computer Interfacing
Kianoush Nazarpour, Peter Praamstra, R Christopher Miall, and Saeid Sanei
Abstract— An approach for brain computer interfacing
(BCI) by analysis of the steady-state movement related po-
tentials (ssMRP) is proposed in this paper. The neurological
background of the ssMRPs which are primarily studied by
means of the averaged electroencephalogram (EEG) signals
are briefly reviewed. A simple feature extraction method is
suggested for single trial ssMRP processing. The proposed BCI
paradigm is tested by using the Fishers linear discriminant
(FLD) classifier. The novelty of this approach is mainly in the
application of rhythmic cues for BCI, simple recording setup,
and straightforward computations which make the real-time
implementations plausible.
I. I
Movement related brain activity has been studied for
many years by means of readiness potentials (RP) [1].
The RP is typically recorded during the execution of self-
paced voluntary movement. The contralaterally dominant
distribution of movement related brain activity preceding
movement is called lateralized readiness potentials (LRP) [1].
Temporal and spatial characteristics of spectrally band lim-
ited LRPs have been well investigated in cognitive and
clinical neuroscience studies [1], [2]. Practically, detection of
asymmetric EEG potentials during discrete finger movement
is straightforward; RPs are readily recordable from almost all
subjects. RPs can be detected several hundred milliseconds
prior to an overt movement and the spatial distribution of
this activity depends on the effector [1]. The asymmetric
distribution of scalp potentials reflects the motor preparation
to execute a specific motor act. Considering these findings,
detection of asymmetric EEGs may be used to infer the
presence of preferential preparatory brain activity.
The simple nature of RP signals has made them one
of the most effective tools for BCI applications [3], [4].
For instance, the Berlin and Tu¨bingen BCI research groups
have achieved above 90% correct binary RP classification
rates [3], [4] by developing various methodological and
mathematical techniques. However, RPs are generally low
frequency signals. Therefore, their recording is not easy. For
instance, in BCI applications, distinguishing between DC
drifts and slow 1 or 2 Hz signals in short windows of 0.5
second length before the movement onset is difficult. DC
drifts in EEG measurements due to sweating or electrode dis-
placement are inevitable, specially if the experiments become
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lengthy. In processing of RPs, after segmenting the recorded
EEGs, a baseline removal stage is needed [4]. Although
in an offline BCI finding a short reference interval could
be straightforward, in real-time applications identification of
such reference intervals within EEG streams is troublesome.
The second problem arises from the nature of the RP. In
order to allow the RP build up over time, the inter-movement
interval should be several seconds.
Aiming at increasing the information transfer rate1 (ITR)
in few recent studies such as in [4], [5], it was attempted
to modify the conventional RP-based BCI paradigms by
asking the subjects to tap at faster paces than usual; the
movement intervals were reduced to 0.5 second. However,
that inevitably has led to decrement in correct classification
rates. For instance, as reported in [5], in classification of RP
features, mis-classification will be 5% (ITR [bpm] ≈ 18.6)
and 19% (ITR [bpm] ≈ 52.9) when the respective inter-tap
intervals (ITI) are 2 and 0.5 seconds.
An approach based on the movement related steady-
state potentials is proposed here. It overcomes the above
mentioned difficulties and provides desirable classification
rates in a high ITR framework. This approach does not
imply greater computational load and therefore its real-time
implementation is possible.
This paper is organized as follows. In Section II, the
main motivation and the neurological background of using
steady state movement related potentials (ssMRP) for BCI
applications are presented. In Section III, the data record-
ing procedure and the corresponding pre-processing, feature
extraction, and classifier design stages are described. We
subsequently report the results in Section IV. In Section V
discussions and concluding remarks are presented.
II. MRP      
Behavioral neuroimaging studies on rhythmic movements
have led to the hypothesis that there are distinct brain struc-
tures which perform automatic vs. cognitively controlled tim-
ing for repetitive movements [6], [7]. The automatic control
(AC) system is primarily involved in continuous movements
with frequencies greater than 1 Hz, i.e. sub-second intervals.
It is highly likely to recruit neural circuits within the primary
motor system that measure the time without attentional
modulation. On the other hand, the cognitively controlled
(CC) timing system is more exploited in controlling the
movements with frequencies much smaller than 1 Hz, i.e.
supra-seconds intervals. The CC timing structure requires
1ITR is measured in bits per minute (bpm).
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the activation of additional prefrontal and parietal lobes.
Furthermore, in [6], [7] we have concluded that once a fast
rhythmic task is selected and initiated, it may be executed
without direct attention. The timing control of a continuous
series of fast and predictable movements should therefore
require attention merely during the selection and initiation
phases.
Schaal et al. in [8] have verified that even in slow
single-joint rhythmic movements higher brain levels such as
working memory (the dorsolateral prefrontal cortex), recall
(the ventrolateral prefrontal cortex), and attention (the intra-
parietal sulcus and inferior parietal lobe) may be recruited.
In contrast, high frequency (> 1 Hz) rhythmic movements
show much less cerebral activity; the only significantly active
region is the contralateral motor cortex. Therefore, for BCI
purposes, it is hypothesized that during fast repetitive finger
tapping, ssMRPs are highly confined to the contralateral
motor areas. This, in turn implies that non-motor related
activities will be attenuated.
III. M
Execution of simple unimanual repetitive finger move-
ments is associated with activity within the Rolandic fissure
of the contralateral hemisphere corresponding to the primary
sensorimotor cortex, termed ssMRPs [9]. The idea here is
that if the subjects carry out (imagine) the motor task in
synchrony with a flashing stimulus, movement related EEG
signals are modulated with the frequency of the flashing
cue over the motor cortex. This synchronization is stronger
on the hemisphere contralateral to the moving finger. For
instance, if the frequency of the flashing cue is set to 2 Hz
and subject repetitively taps his right index at a 2 Hz pace,
EEGs with considerable 2 Hz power may be recorded from
the contralateral left hemisphere and vice versa for left index
movements.
Participants: Four right-handed healthy individuals (one
female) participated in the experiment; all gave informed
consent. No one had any particular BCI experience.
EEG recording and pre-processing: Each subject first
underwent a practice block of 20 trials. The main recording
session was comprised of eight blocks, each contained 40
trials, resulting in 320 trials for further analysis. Each trial
lasted 7 seconds which include one second for initial fixation
and another 6 seconds for EEG recording during the motor
task. In the first second of each trial a fixation cross “+” was
shown in the center of the screen. Afterward, while the cross
was kept constant in the center, two flashing “X”s appeared
at left and right sides of the cross for 6 seconds; each was
10 cm apart from the center. Flashing frequency was set to 2
Hz. The participants were instructed to tap on force sensors
under left or right index finger at a constant rate of 2 Hz
synchronous to the flashing “X”s. The rest interval between
trials was approximately one and half seconds, randomly
changing so that the subjects would not guess the start of
next trial. Choice between right or left finger tapping was
made freely by the participants in each trial. However, they
were asked to be fair between right and left responses.
The main reason for showing the flashing “X”s was to give
the subjects a 2 Hz pace. Bilaterally equidistant visual cues
on either side from the center should not cause development
of asymmetric potentials over the motor cortex. Moreover,
in order that the subjects did not concentrate on these
“X”s, the subjects were asked to maintain fixation on the
central cross during the course of tapping. This approach
was adopted in order to attenuate any undesired steady-
state visual evoked potential (ssVEP). Force transducers were
utilized instead of conventional response switches in order
to provide a setup in which the subjects did not actually
press any switch, just performed repetitive tapping, which
maintained the continuity of the repetitive finger movement.
EEG potentials were recorded continuously using 128
Ag/AgCl scalp electrodes with respect to an (off-line) av-
eraged left and right mastoids reference. The electrodes
were placed according to the 10 − 5 system [10], using
a carefully positioned nylon cap. The eye movements and
eye-blinks were monitored by bipolar horizontal and vertical
electro-oculogram (EOG) derivations. EEG and EOG signals
were amplified with a bandpass of 0-128 Hz using BioSemi
Active-Two amplifier, and sampled at 512 Hz. Continuous
EEG recordings were off-line segmented in epochs from 0-6
s after trial onset. Individual trials containing, eye-movement
and eye-blink, artifacts were rejected before analysis (on
average 15% from each subject).
Of primary interest was steady-state movement-related
potentials developing by rhythmic tapping. Therefore, av-
eraged bandpass filtered (1.5-2.5 Hz) EEGs recorded during
repetitive left and right finger movement trials were used to
visualize ssMRPs in the time domain. The topographic maps
(Fig. 1) show rapid development of a lateralized signal over
contralateral sensory motor cortex whose polarity alternates
every 250 ms, i.e. at 2 Hz during left index rhythmic
movements. Similarly, in the case of right finger movement,
the 2 Hz signal is detectable from the left contralateral
hemisphere.
A. Feature Extraction
Each trial was temporally segmented into ten overlapping
windows comprising of three short early windows, i.e. 0-0.5
s, 0-1.5 s, and 0-2.5 s and seven overlapping windows of 3
seconds length. The latter seven windows have 83% temporal
overlap, i.e. 0-3 s, 0.5-2.5 s, 1-4 s, 1.5-4.5 s, 2-5 s, 2.5-5.5 s,
and finally 3-6 s. Finally, the energy features were computed
from multi-channel EEGs. First three windows, namely 0-
0.5 s, 0-1.5 s, and 0-2.5 s, were considered to investigate the
approximate time needed for the subjects to select and initiate
tapping synchronous to the 2 Hz flashing cues. We would
expect that a relatively poor classification performance would
be achieved during the selection and initiation phases in each
trial. The performance would eventually increase after first
few seconds. Note that first two time windows, 0-0.5 s and
0-1.5 s, are too short to provide a reliable estimate of the
spatially distributed 2 Hz rhythm. However, they provide an
indication of ITR lower bound of the proposed scheme.
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Fig. 1. Averaged pre-processed EEGs during repetitive left finger movement for a single representative participant. Topographical maps have been depicted
in consecutive 0.25 s time windows. The top-left map illustrates the averaged EEGs over 0 and 0.25 seconds time window and the bottom right ones
present those of the last 0.25 seconds window, i.e 5.75 to 6 seconds. Notice the rapid development of the lateralized 2 Hz signal on the contralateral left
hemisphere.
B. Fisher Linear Discriminant Analysis
In FLD [11], the objective is to simultaneously maximize
the between-class distance while minimizing the within-
class distance of samples. For a two-class classification
problem, assume that the training data is given as X =
{x1, x2, · · · , xl} = {X1,X2} ⊂ 
N where X1 = {x11, x
1
2, · · · , x
1
l1 }
is a set of patterns belonging to class L1 and similarly
X2 = {x
2
1, x
2
2, · · · , x
2
l2} contains patterns belonging to L2.
FLD computes a linear combination of input variables which
maximizes the average separation of the projections of the
points belonging to L1 and L2, whilst minimizing the within
class variance of projections to those points. Vector w
provides a linear mapping as f (x) = 〈w.x〉 + b, where 〈.〉
denotes inner product operator. Vector w may be computed
by maximizing the class separability criterion J(w)
w = max
w
J(w) = max
w
w′SBw
w′SWw
(1)
where SB is the between class scatter matrix SB = (m1 −
m2)(m1 − m2)′ and m j = 1l j
∑l j
i=1 x
j
i . SW is the within
class scatter matrix defined as SW = S1 + S2 and SW =∑
i∈{1,2}
∑li
j=1(xij − mi)(xij − mi)′. The bias b of the linear rule
is determined using 〈w.m1〉 + b = −(〈w.m2〉 + b) and the
solution to (1) is w = SW−1(m1 − m2) [11].
IV. R
The eye-blink and motion contaminated trials (on average
15% of trials from each subject) were discarded from the
analysis and the remaining trials were considered for feature
extraction and classification stages. Multi-channel EEG mea-
surements from 45 electrodes over the sensorimotor cortex
(covering from the FFC strip to the CPP strip according to
the 10 - 5 electrode positioning system [10]) were bandpass
filtered between 1.5-2.5 Hz and the energies (variance) cal-
culated. In order to reduce the feature space dimensionality,
simply, the first three principal components of the feature
space were introduced to the classifier. In a cross validation
framework, for each temporal segment, we randomly selected
60% of computed feature vectors as training samples and
the classifiers were tested with the remaining 40%. The
percentage of correct classified feature vectors over all test
segments was considered to be the ratio of correct decisions
over total number of decisions. This procedure was repeated
for 400 times. The average rates of correct classification
followed by their standard deviations are reported.
In all four subjects, the steady incremental trends of
classification rates in early segments, 0-0.5 s, 0-1.5 s, and
0-2.5 s, are evident. In the very first seconds of each trial
the subjects attempt to adopt the correct 2 Hz pace which
causes activities from areas of the brain other than the
contralateral motor cortex resulting in slight degradation in
BCI classification performance. Although the subjects had a
short 5 minutes training block before the actual recording,
they still reported afterwards they had to attend to the pace
or the onset of each trail. When they gain the pace, taps
are carried out at almost right frequency which lead to high
classification results. The classification results are illustrated
in Fig. 2.
V. D  C
This work shows that ssMRPs can be utilized as a suitable
solution for a real-time high accuracy BCI. In this approach,
subjects were asked to cyclically move their fingers at a
pre-determined frequency. Therefore, the band limited sig-
nal of interest could be extracted from the motor cortex.
Considering the aforementioned results, the main advantage
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Fig. 2. The correct classification rates of the temporally segmented EEGs
recorded from four subjects using FLD classifier.
of the ssMRP-based BCI over other approaches is its simple
recording setup and straightforward computations. Compar-
ing to BCI machines based on RPs, ssMRP recording is not
difficult for the subjects since in each trial they are actively
involved in the experiment rather than waiting for several
seconds before the exertion of a single discrete movement.
The large number of electrodes utilized in this research
should not be regarded as a hindrance towards end-product
BCI. In a further study, we will investigate whether after
training the subjects in multiple sessions, it is possible to
implement an ssMRP-based BCI with a relatively lower num-
ber of electrodes. Here, ssMRP-based BCI has been tested
for four subjects. However, the physiologic background and
simplicity of the recording setup support the repeatability of
the experiments.
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